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In this paper, a novel state of charge real-time estimation architecture for metal hydride storage
tanks is proposed. Specifically, the state of charge estimation problem is converted into a nonlinear
observer design problem. Firstly, the observability of the metal hydride tank model is analyzed and the
state space is divided into three regions according to its observability. Secondly, an unknown system
dynamic estimator is used to estimate the sorption rate of metal hydride tanks, which only requires

information on tank pressure, temperature and flow rate. Thirdly, an observer is designed to estimate
the density of hydrogen and metal hydride. Finally, the performance of the proposed estimator is
validated using numerical simulation and experimental data.

1. Introduction

One approach to solving the intermittent and unstable
characteristics of renewable energy is to produce hydrogen
through electrolysis cells and store it using suitable technol-
ogy [1]. The most common method of hydrogen storage is
high-pressure compression. This well-developed technology
provides high fill and release rates of hydrogen. However, the
process of compressing hydrogen results in energy losses,
and the calorific value of the compressed hydrogen is re-
duced by 13 — 18%, increasing overall operating costs [2]. In
addition, the safety of compressed hydrogen transport is an
issue that cannot be ignored. A safer technology is offered by
liquefied hydrogen storage [3]. Since the pressure of liquid
hydrogen storage is much lower, thinner and less costly tanks
can be used [4]. The main shortages of liquefied hydrogen
storage are the high cost of liquefying the hydrogen [5]
and the boil-off phenomenon [6], which leads to large hy-
drogen leaks. Solid-state hydrogen storage, especially metal
hydride (MH) hydrogen storage is a promising hydrogen
storage technology. Compared to the other two methods,
solid hydrogen storage technology is more suitable for long-
term hydrogen storage owing to less leakage and the higher
hydrogen density per unit volume of metal hydrides [7].

Metal hydride hydrogen storage tanks, as one of the
carriers of solid hydrogen storage, have an important role
in many applications, such as automotive applications [8].
To describe the dynamic behavior of the MH tanks, var-
ious models have been developed by researchers. These
models can be classified as High-Fidelity Model (HFM)[9—
14], Lumped parameter Model (LM) [15-19] and Hybrid
Reduced Model (HRM) [20, 21]. HFMs take into account
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the distributed nature of the main variables used to describe
system behavior. They are usually written using partial dif-
ferential equations, and their main use is the design and
analysis of system behavior. LM do not take into account the
spatial variation of system variables, present low computa-
tional complexity, and are often used for the design of control
systems and estimators. Finally, HRMs are a combination of
models based on fundamental principles and experimental
measurements, sometimes considering, in a simplified form,
the distribution of certain variables. These allow for use in
applications similar to LMs at a higher computational cost.

Gonzatti et al. [22] modeled a refrigerate MH large tank
(diameter: 16.8cm; length: 125cm) assuming homogeneous
temperature in the tank. Liu et al. [20, 21] proposed an HRM
combining a state space model with data-driven methods.
They also compared the performance of this approach with
HFM simulations under conditions with temperature gra-
dients, including the presence of fins inside the tank. The
result shows that HRM can be applied to MH tanks with
temperature gradients.

State of Charge (SOC) is one of the most important
indicators for all energy storage devices including MH tanks.
In the charging process, it is often desirable to reach a fully
charged state without entering the overcharge region. It is
not only about minimizing leakage, but it is also about safety.
Therefore, it is necessary to monitor the SOC of MH tanks in
real time for appropriate management. To estimate the SOC
of MH tanks, the mass of hydrogen remaining in MH tanks
needs to be calculated. In general, researchers usually use the
integral of the flow rate to calculate the mass of hydrogen.
Suarez etal. [23] calculated the mass of stored hydrogen my,
[kg] using the following equation:

t
H .
my, =my, (0) + —— ; iy, dt 1)

24
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where M, [kg/mol] is the molar mass of hydrogen, 22.4

is the molar volume [m?/mol] and 7 , [m3/s] is the volu-
metric flow rate.

The above equation requires the initial mass of hydro-
gen in MH tanks at the beginning of the measurement to
be known, which is often difficult to assess accurately. In
addition, using the integral to calculate the hydrogen mass
introduces cumulative errors in the flow meter when the
device operates for a long time, which causes large errors
in the results. Zhu et al. [24] developed an empirical model
based on Pressure-Composition-Temperature (PCT) curves
and experimental data from which the SOC of MH tanks was
estimated. However, since the method was developed based
on PCT curves, it can only estimate the hydrogen mass of
MH tanks under equilibrium conditions. Subsequently, they
developed a joint state classifier to identify the current state
of MH tanks and combined it with a previously developed
empirical model to estimate the SOC of MH tanks online
[25].

To the best of our knowledge, only a few results have
been reported for SOC estimation of MH tanks, and the ex-
isting methods in the literature have more or less restrictions
on the state of MH tanks when estimating the SOC, which is
not able to meet the real-time monitoring of the SOC under
most of the working conditions.

The objective of this work is to develop a state observer
to estimate the SOC of MH tanks. State observers [26-30]
are algorithms used to estimate the states of a given dynamic
system. To do so they combine the dynamic system model
and the input and output signals. Due to the strong nonlin-
earity of the MH tank model, we mainly focus on nonlinear
observers. Unfortunately, unlike linear observers, there is no
unified design method for nonlinear observers. Ciccarella et
al. [31] extended the linear Luenberger observer to nonlinear
uniformly observable systems, i.e. Luenberger-like observer,
and a Kalman-like observer is proposed to extend the linear
Kalman observer to nonlinear non-uniformly observable
systems in [32]. These two methods are appropriate for
systems having state-affine forms. For other forms, such
as the triangular form, high-gain observers and high-gain
Kalman observers are proposed. A Lipschitz triangular form
is considered in [33] where the nonlinear Lipschitz constant
is regarded as a disturbance in a high-gain observer, so
the gain of the observer must be chosen large enough to
compensate for this disturbance. Astolfi et al. [34] proposed
low-power peaking-free high-gain observers to overcome
the peaking phenomenon and limit the order of high-gain
parameters by adding saturations at each block. For systems
that do not satisfy the normal forms, the approach adopted
by most researchers is to transform the original system into
nominal form, then observe the state in normal form using
existing observer structures and finally return the estimates
to the original coordinates [35].

Differently from what it is required to compute (1),
our observer does not need to know the value of my, (0).
In addition, the designed SOC estimation method can run
at time instant when MH tanks are working and does not

External Environment

Fig. 1- Schematic of an MH tank (the process of charge) [36].
p, and p_ are the density of hydrogen and MH. f,, and f, are
normalized mass flow rate and sorption mass flow rate of hydrogen.
t,. and ¢, are the temperature of the tank and MH. Q is the heat
exchange per unit volume from the ambient air to the MH tank and
AH is the enthalpy change of the reaction.

require the SOC to be estimated only when MH tanks are in
equilibrium, which is important for the thermal management
of MH tanks.

Unlike (1), the method proposed in this work uses a
combination of the data available through direct measure-
ment and a mathematical model of the tank. The model
used is relatively simple since it is basically a mass balance
(the operating principles are similar in the different metal
hydrides, so the model can be used with different types of
metal hydrides). The model must be previously calibrated
with the parameters of the metal hydride with which it
is intended to work, this allows the algorithm to easily
adapt to different types of metal hydrides. Therefore, the
SOC estimation framework presented in this paper could be
applicable to tanks with different metal hydrides.

The main contributions of this paper can be summarized
as follows:

1. An unknown system dynamic estimator (USDE)-
based estimator of the sorption rate of MH tanks
is proposed, which makes it possible to monitor the
sorption state of MH tanks in real time.

2. A nonlinear observer is proposed to estimate the SOC
of the MH tank in real time.

3. The proposed estimator is validated using numerical
and experimental data.

The paper is organized as follows: Section 2 describes
the MH tank model tank and characterizes its observability.
Section 3 describes the design of the sorption rate estimator
and the nonlinear observers for MH tanks. In Section 4,
simulations of the proposed nonlinear observer are provided
and experimental results are given in Section 5. Finally, the
conclusions are presented in Section 6.

2. MH tanks model and problem statement

2.1. Description of MH tanks
MH tanks are one of the container technologies most
widely used for solid-state hydrogen storage. In general, MH
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Nomenclature

Abbreviations

MH Metal hydride

PCT Pressure-Composition-Temperature
SOC State of charge

Parameters

Py Density of hydrogen (kg/m?)

m, Mass rate of hydrogen (kg/s)

m! Mass rate of hydrogen sorption (kg/s)

Ui Volume of tank (m?)

Uyu  Volume of MH (m?)

€ Porosity of MH

fin Normalized mass flow rate of hydrogen (kg/m?/s)

f, Normalized sorption mass flow rate of hydrogen

r

(kg/m’/s)

U, Normalized volume of hydrogen
s Density of the MH (kg/m?)

B Normalized volume of the MH
c, Absorption constant (1/s)
¢y Desorption constant (1/s)
E, Ectivation energy of absorption (J/mol)
E, Ectivation energy of desorption (J/mol)
Peg.a Equilibrium pressure of absorption (Pa)
Peqd Equilibrium pressure of desorption (Pa)

R Universal gas constant (8.314 J/mol/K)

Pys Saturated density of MH with complete absorption of
hydrogen (kg/m?)

P50 Empty density of the MH without any hydrogen
(kg/m?)

p Pressure of hydrogen (Pa)

My,  Molar mass of hydrogen (2.016 x 1073 kg/mol)

Uy, Maximum volume of hydrogen that can be absorbed
(m?)

PH, Density of hydrogen in standard state (kg/m?)
Do Atmospheric pressure (101 325 Pa)

AS, Entropy change for desorption (J/mol/K)
AH, Enthalpy change for desorption (J/mol)

@, @, Plateau flatness coefficients

p Plateau hysteresis coefficient

F, Flow rate of hydrogen (Ln/min)
DPyipe Pressure of pipe (Pa)

k, Proportional coefficient

M50 Maximum hydrogen capacity (kg)
Subscripts

a Absorption

d Desorption

tanks have a relatively simple structure, consisting mainly
of internal metal alloys and a metal shell. The schematic
of the MH tank is displayed in Fig. 1. During the charging
process, hydrogen flows from the pipe into MH tanks at a
certain normalized mass flow rate, f;,, and then reacts with
the metal alloy to form the MH under a certain pressure. The
process of discharging is the opposite. The main hydrogen
storage alloys that have been validated to have high rates
of hydrogen absorption and desorption include AB (TiFe),
AB, (TiMn,), AB5 (LaNis), and A,B (Mg,Ni) [37, 38]. To
increase the surface area of hydrogen in contact with the
metal alloy and to accelerate the reaction rate, as shown in
Fig. 1, the structure of the metal alloy is usually porous. The
chemical equation of the absorption and desorption process
is [7]
X absorption

M+ =—H. <
2 2 desorption

MH_ +AH, 2)

where M is the metal alloy, M H, is the MH and A H is the
heat of reaction.

2.2. State-space model of MH tanks

As proposed in [39], the modeling of MH tanks includes
dynamics of mass balance and thermal energy balance. To
simplify the model, we assume that the temperature of MH

tanks can be measured by thermocouples directly. Thus, it
is not necessary to take the thermal energy balance into
account in the model. The state-space form of MH tanks can
be written as follows [40] (the modeling details are shown in
Appendix A):

Uy — fr (x2aul9y(xl7ul))

U
x=f(x,u) = £ , A3
fr(xz,UpY(pr]))
US
— hxu) = x, AR @)
y= X,ll—leHz,

where x € R? is the state vector, X = [pg- ps]T.u € R?is the
input vector, u = [t,,,, fin]'- ¥ € R is the output variable,
i.e. the system pressure.

Despite the simplicity of the model, which does not
take into account the distributed nature of tank behaviour,
previous work have shown that this model is capable of
adequately describing the evolution of the main variables of
the system [39, 40].
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2.3. Problem statement
2.3.1. Main objective

The main objective of this paper is to estimate the
amount of hydrogen stored in the MH tank and further
estimate the SOC of the MH tank. The MH tank SOC is
defined as the percentage of the current hydrogen amount
my, to the maximum hydrogen capacity m;,, of the MH
tank [25]:

mH2

&)

soc =
tank — :
Miotal

Noting that v,%; + v,%| = up, my, can be obtained as

t
mH2:mH2(0)+UMH'/O UZdt

= my, (0) + Uprpr-05- (%2 = %2(0))

+ UymvH 'Ug'(xl - xl(O))

6)

where my (0) is the initial hydrogen mass of the MH tank,
x,(0) is the initial density of the MH and x,(0) is the initial
density of the hydrogen. Note that mp, (0) = vyp - v -
(x2(0) = pso) + Upr g - Vg - x1(0).

Although (6) can be used to obtain the soc,,,;, all the
initial conditions are required, and therefore this approach is
not very convenient from a practical point of view. Alterna-
tively, soc,,,, can be computed as

UM H Ug
soc = X
tank 1
Miotal

+ DS (40— o). )
Myotal

The value of x; can be obtained from measurable variables
(i.e. temperature and pressure using (36)). Unfortunately, the
value of x, can not be directly measured.

In order to obtain x; and x, simultaneously, a state ob-
server [41] for system (3)-(4) is proposed. Before designing
the observer, it is necessary to perform an observability anal-
ysis for (3)-(4), i.e. itis necessary to analyze if it is possible to
reconstruct the state variable, x from the measured variables
and the model. This problem is addressed in the following
section.

2.3.2. Observability analysis

A state-space system is named instantaneous observable
if different state trajectories x(f) do not generate the same
output trajectory y(¢) [41, 42]. In other words, in our case,
different state pairs (pg, p,) should correspond to different
trajectories of tank pressure p(f).

Instantaneous observability can be tested through the
Jacobian matrix rank of the observability map [43]:

y
O (x.u,...,u*2) = . ®)

y(k—l)

Table 1
Parameters of the MH tank model used in observability analysis
[40]

Symbol Value Symbol Value
€ 0.6992 Vuin 0.353 x 1073 m?
oo 6350kg/m? Pu, 0.0897 kg/m?
R 8.314J/(mol - K) P 101325 Pa
My, 2016 x 107 kg/mol Uy, 0.35m?
Dyt 0.48 x 1073 m? AS,  112.3193]/mol/K
AH, 2.6967 x 10* J/mol ® 0.1770
®, 0.0030 i 0.2779
c, 843.57131/s cy 3109.01/s
E, 3.2573 x 10*J /mol E, 3.3151 x 10*J/mol
k A du g oa dby :
where u* = —, y* = d7,wherek€ N, k > n with n

being the order of the state-space system. If

00,
rank | — | =n, ©)]
ox
the system is locally instantaneous observable in (x, u, ... , u(k_z)).

Note that differently from what happens in linear systems
the observability condition is a local property because it
might depend on the state variable and the value of the input
variable.

The observability map for (3)-(4), with k = 2, is:

Oz(x, ll) = ulR 2 fr . (10)

Its Jacobian matrix takes the form

u R
e e (11)
ox - %y
where!
I/llR d fr (x29ulsy(x1’ul))
o=l . (12
H, X1 Vg
e wR o (1 (00 up, y(x1,u7)) (13)
2 MH2 aX2 Ug '

To check if (11) is full rank, we compute its determinant:

002 ulR
det ( — ) = “y (14)
ox My,

If it is different from 0, O, will be full rank and consequently
the system will be instantaneous observable.

As shown in (35), f, is a piecewise-defined nonlinear
function. The discussion about the rank of the Jacobian
matrix % needs to be divided into two cases:

1t is assumed that u, does not algebraically depend on the state
variables.
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-0.1—

-0.2—

—0.3—

Fig. 2- Values of jf .
X

P = Pega

absori)tion
afr
dxo

with a fixed u; = 300K, x;, € [0.05,2]

(kg/m?) and x, € [6360,6685] (kg/m?*) and the parameters shown
in Table 1.

1)

2)

Case 1: f, =0.

In this case, f, is a constant function, consequently, its
20,
ox
will be identically zero and the system (3)-(4) will not

be instantaneous observable. This means that it is not
possible to construct an observer which reconstructs
the system state from the model and the measurable
variables.

partial derivatives will be zero, so *, and det (

When f, = 0, the tank pressure p is between the ab-
sorption equilibrium pressure p,, , and the desorption
equilibrium pressure p,, 4 and there is no relationship
between x, and the the measured variable, i.e. the
pressure, p,.

Case2: f, #0

In this case, as u; is the Kelvin temperature of the MH
tank, it will always be u; > 0 so the determinant will

be different from O if % # 0. Therefore, checking the
f -

sign of the term P
of det <002 >

Analysing the expression of f,., (35a), it can be found
that terms In (p/p,, ,) and (p;; — p,) are both mono-
ofr
0x2
monotonically decreasing in the absorption process.
However, in the desorption process, (35b) shows that

it is not monotone.

is sufﬁc1ent to determine the sign

tonically decreasing with respect to p,, so is

/. presents a fairly complex mathematical expression
(it contains exponentials mixed with trigonometric

6450

6440

6430

6420

6410

2

6400

6390

6380

6370

6360
0

Region decomposition for t;,,x = 300 K.

0.2 0.4 0.6 0.8 1 1.2
Eal

1.4

Fig. 3- Region decomposition for u;, = 300K, x; € [0.05,2]
(kg/m?) and x, € [6360,6685] (kg/m?) and the parameters shown
in Table 1.

functions). This makes it difficult to study it ana-
lytically, which is why a broad numerical analysis
for u; € [275,320] (K), x; € [0.05,2] (kg/m?),
x, € [6360, 6685] (kg/ m?) and the parameters shown
in Table 1 has been performed. This study has con-

cluded that af L

will also be dlfferent from 0. As an example, Fig. 2

shows the evolution of a){ ~ for a temperature of 300 K.
2

# 0 and therefore the determinant

The middle region is the equilibrium region where
f, = Okg/m3/s. It can be observed from Fig. 2 that

% # 0 both in absorption and desorption region. The

evolutlon of f L for other temperatures is very similar,

and for the sake of space it is omitted here.

With this study, it is concluded that the system (3)-(4)
is instantaneous observable for f,. # 0.

It should be noted that during the absorption and des-
orption processes the amount of hydrogen that passes
from gas to solid or vice versa depends significantly
on the value of x; and x,, and therefore it is possible
to establish a relationship between these variables, the
model and the measured variables. It is during these
processes that the state of charge can be estimated.

In summary, from the observability point of view, the
space defined by the possible values of [xl,xz] can be
divided into the following three regions:

Q) {[xul |p>pogaf- observable

2, {[X, u] |pegq <p< peq,a}’ non-observable

;5 {[X, u] [p< peq,d} . observable

Fig. 3 shows the space decomposition for u; = 300K. Note
that the region definition can also be equivalently described
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f in

T2
(27) —» observer .

(50) —*™ 1

MH tank | p USDE

(]_6) 80Ctank

observer

(45) 1

Fig. 4- Components of the proposed MH tank SOC estimation architecture.

in terms of f, as follows:
Q) {[X,u] | fr> 0} , observable
2, : {[x,u]| f, =0}, non-observable (15)
23 : {[x,u]| f, <0}, observable

Remark 1. It should be noted that the concept of observ-
ability that we analyze here is for the complete system,
i.e., whether it is possible to reconstruct unique pairs of
states based on the output trajectory. For the case f, = 0,
although the complete system is non-observable, fortunately,
since the output trajectory contains only information about
measurable u; and x|, x; and y are one-to-one, i.c., the
mapping x; € X; — y € Y is bijective, making it possible
to recover the system state x; through y. Thus, x; can be
recovered from y in the whole state space. In contrast, there
is no one-to-one correspondence between x, and y in the
case f, = 0. Considering the two different properties of the
system state, we design observers for x; and x, separately
in the following section.

Remark 2. Although the observability analysis in this pa-
per uses specific model parameters, we would like to em-
phasise that this observability analysis is also applicable to
other cases with different model parameters and, therefore,
to MH tanks with different MH materials. The difference is
only in the model parameters.

3. SOC estimation architecture
3.1. Main idea

In the literature, there are no techniques that allow di-
rectly designing observers for systems that present non-
observable regions and a hybrid structure (it should be noted
that f, is piecewise defined). For this reason, an ad-hoc
structure has had to be thought of that allows estimating the
states of the system taking into account what region of space
it is in.

As noticed, a variable of great relevance in the proposed
MH tank model, see Section 2.2, is f,.. From it, it is possible

to determine what region of space the system is in and cal-
culate a large part of the dynamics of the system. Therefore,
the first thing that has been done is to develop an estimator
of the value of f,, f,. A USDE is used for this purpose. Its
development is presented in Section 3.2.

Once fr is obtained and taking advantage of the fact that
x, is always observable, a Luenberguer-like observer for x,
will be developed. This observer will use the estimation of
i - and equation (4). The combination of these two elements
will provide a more robust and smooth estimation, X;. The
development and analysis of this Luenberguer-like observer
is discussed in Section 3.3.

Finally, an observer for x, will be developed. x, is a
variable that is not always observable, consequently, the
value of the estimation of x,, X,, will not always be active.
It can only update its value when the system is in the
observable regions.

Looking at equation (3) it can be seen that the derivative
of x, can be estimated from f,. Unfortunately, f, by itself
cannot provide information about the value of x,. The only
way to obtain this information is using equation (35).

Inregions £, and £, (35)isa C! function with nonzero
derivatives with respect to x, (with u; and y fixed), thus,
based on inverse function theorem, there exists functions
xy = y(f,,up,y) and x, = yyr(f,,uy,y) defined in £,
and €25 respectively. Consequently, y; and y, can be used
to obtain the value of x, when the system is in an observable
region. Let us define X, as follows

Wl(fAraul’J’), X, € £,

X, = qnot defined, x, € £2, (16)

Yo froupy). x, €92

Finally, combining X, and f,, a Luenberguer-like observer
will be developed. This observer will allow us to obtain %,.
The convergence of this last observer will only be guaranteed
if the system spends enough time in the observable regions.
The development and analysis of this observer will be pre-
sented in Section 3.4.

Fig. 4 shows a graphical scheme of the complete ob-
server architecture. The diagram shows how the different
variables and estimators interact with the other. As will be
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shown later, if the right conditions are satisfied, the proposed
observer will be able to estimate all the state variables and
from them the MH tank state of charge.

3.2. Estimator for sorption rate f,
To estimate the sorption rate of MH tanks, we mainly use

X, = Lf’ (17)
Vg
From this equation, it is possible to compute
fr=u2—ngl (18)
Since y = p is a measurable variable, x; = p, can be
calculated from (36) as
y-M
O (19)
R- I/l]

In view of the fact that u, is a measured variable, it is possible
to estimate f, by combining (18) with (19). Unfortunately,
this would imply differentiating (19). The derivative is a
complex operation and very sensitive to measurement noise.
To avoid this derivative, a USDE is proposed.

Before designing the USDE, the following assumption is
needed [44].

Assumption 1. The normalized sorption mass flow rate
f. and its derivative are bounded, and we assume that
sup,solf.| < 4 for a positive constant A > 0.

Remark 3. Assumption 1 is reasonable in the practical MH
tank system described by (35). From the manual of MH
tanks, it is known that the tank has maximum and minimum
operating temperatures, so terms c e~ Fa/RT and ¢ e~Fa/RT
in (35) are both bounded. Besides, the existence of the
limiting operating pressure of MH tanks bounds the density
of the MH, p,, between empty density p,, and saturated
density py. Thus equilibrium pressures, p,, , and p,, 4, are
both bounded.

We first describe the filter operation (), =[] J(ks+ 1)
for known variables X; and measured u,:

y(0) =0

20

K'l:lzf +U2f = Uy,
lef +x1f =)_Cl,

where « is the tunable parameter of the low-pass filter, u,
and x, » are the filtered variables of u, and X, respectively.
Then the following lemma is satisfied.

Lemma 1. For the subsystem (17) and filter operation (20),
there exists an exponentially convergent invariant manifold
M, = 0 such that

lim | lim Mx]] -0, @1

k—0 [t—>00

holds for any k > 0. Manifold variable M, is defined as

X=Xy
Mxl =Ug . —+fr—u2f. (22)

K

PROOF. See Appendix B.

As shown in Lemma 1, especially (22), the normalized
sorption mass flow rate f, has a mapping relationship with
the known variable x, filtered variables x; ; and u, ;. Then
utilizing the property of the invariant manifold, we can
design an estimator for the normalized sorption mass flow
rate f,:

R X=Xy

fr=u2f—Ug- (23)

K
Theorem 2. For the subsystem (17) with estimator (23), the
estimation error of the normalized sorption mass flow rate
f = f. — f, exponentially converges to k A as time goes to

infinity.
PROOF. See Appendix C.

Remark 4. As shown in the analysis provided in the Ap-
pendix C, f,, and thus the estimated signal of the esti-
mator we designed is the low-pass filtered version of the
true normalized sorption mass flow rate f,. Therefore, a
phase delay between the estimation and the true value is
unavoidable. The phase delay can be reduced by decreasing
the filter coefficient k. However, a small k¥ would reduce
the robustness of the estimator, so a suitable x needs to be
chosen for the practical scenarios.

3.3. Observer for hydrogen density p,

In order to estimate x;, a Luenberguer-like observer is
proposed. The observer uses (17) as the model, and the value
of x; obtained from (19) for the feedback term. Taking this
into account the following observer is proposed:

A u2_fr
x1=

g

where /; is a tunable constant observer gain and £, is
the signal generated by estimator (23). Then, the following
theorem can be proved.

Theorem 3. For the subsystem (17) with estimator (23) and
observer (24), the observer error X| = X; —X| exponentially
converges to k A/, U,) as time goes to infinity.

PROOF. See Appendix D.

3.4. Observer for metal hydride density p,
Considering the following subsystem

_

v

% (25)

N

a Luenberger-like observer will be proposed. As it has been
analysed in Section 2.3.2, the system (3)-(4) is not always
observable. In particular, it is the subsystem corresponding
to (25) the one that loses observability when f. = 0. In
the non-observable regions, the observer feedback terms can
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Fig. 5- Evolution of the estimation error, (29), for /, = 1, f, =0
and %,(0) = 1.

not be used because there is no relationship between the
measured variables and x,. Taking this into account the
following observer is proposed:

(55— %), (26)

where /, is a tunable constant observer gain, X, is the
value of x, obtained from (16), and s is the time-varying
switching function:

L 1fl>u
s, 0=1 @n
0, Ifl<u,

where y > 0 is the tunable tolerance of f,.

Based on the observable region decomposition intro-
duced in (15), s fr(t) indicates if the system is in an observ-
able region or not, i.e. x, is observable or not. As f, is not
directly available, this classification is made based on f£,.
Since £, has an exponential convergence and it is the result
of a numerical computation it will never be exactly equal to
0. Therefore, when | f,l < u, where u is a small constant
to be defined, we consider the system has entered the non-
observable region.

Note that the feedback term of the Luenberger-like ob-
server (26) turns off when the system is in a non-observable
region.

Let us define the observer error as ¥, £ x, — X,. Under
the assumption that X, = x,, the observer error derivative is
given by:

Table 2
Thermodynamic model and rest parameters [40].
Symbol Value Symbol Value
AH, 2.072 x 10*J/mol T 298.15K
Cpq 148907 /(kg - K) C 6255.47/(kg - K)
K amp 0.748573/(s - K) Pyi 6363.7kg/m3
k, 0.8487 My 0.0315kg

with solution of (28) is
.
X, (1) = (1) - X,(0) + (1) - /0 @d)(f)dr, (29)

where ¢(t) = e 2 Jo s, @,

Fig. 5 shows the evolution of the estimation error, (29),
forl, = 1, f, = 0, %,(0) = 1 and a given profile Sy As it
can be seen when s 5= 1,1i.e. the system is in an observable
region, the estimation error is exponentially reduced. On
the contrary, when s 5 = 0, i.e. the system is in a non-
observable region, the estimation error is frozen and there is
no convergence. Therefore, if the system is in an observable
region for a sufficient amount of time, the estimation error
would be sufficiently small. It is worth mentioning that the
required time can be adjusted by appropriately selecting the
value of /,.

In order to establish some facts about the estimation error
obtained, a hypothesis will be made about the percentage of
time that the system is in an observable region. Let us define
10ps as the amount of time such that s ; = 1, i.e. the system is
in an observable region, in the interval of time [0, ¢]. Then the
ratio of time, w, that the system is in an observable region
can be defined as
A

obs
—. 30
” (30)

w

Assumption 2. Absorption or desorption exists during the
operation of MH tanks, i.e. w # 0.

Theorem 4. Under the Asssumption 2, observer (26) makes
the estimation error, X,, exponentially converge to a ball of

radius ALl 4 time goes to infinity. In other words:
(vg-ly-w)
lim |%,| < 1/ lee
t 12w

PROOF. See Appendix E.

Remark 5. w is not a tunable parameter and it depends on
the operation condition of MH tanks. Therefore, the bound
of the observer error X, depends not only on the tunable gain
1,, but also on the value of w. When @ = 1, the observation

%=y =y = — sy lh% + UL (f, - fr) error X, exponentially converges to a ball of radius %
B N (28)
= =S 1,%X, + ﬁ
frr272 v,
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Fig. 6- Evolution of f;, and ¢
Case L.

(ank fOr the system (3) in the simulation

4. Numerical simulations

In this section, the viability of the proposed observation
scheme is validated through two numerical simulations.
Since one of the main difficulties encountered during the
design of the algorithm is the transition between the different
observability regions, two cases have been designed, which
despite not occurring frequently during practical application,
allow checking the behavior of the observer during these
transitions.

In the first simulation, the initial state of the MH tank is
in equilibrium (Case I) while in the second simulation is in
the absorption phase (Case II). The temperature evolution
is generated by the thermodynamic model of MH tanks.
More specific details can be found in (27) and (28) of [40].
Parameters in Table 1 are used and the rest of the parameters
used in simulations are listed in Table 2.

As stated in the previous section, the approximation of
X5, X, is needed in observer (26). In these simulations,
X, is obtained by numerical computing (16), i.e. (35) is
numerically inverted, at each time.

4.1. Casel

In the first case, we assume that the initial condition of
the MH tank is in equilibrium. The normalized mass flow
rate, f;,, has the profile shown in Fig. 6. Initial value of
temperature is f,,,,(0) = 298.15K. The evolution of the
temperature can also be seen in Fig. 6.

The observer parameters have been selected as k¥ = 0.1,
u =1le—=3,1; = 20and [, = 0.1. The value of xk should
be chosen appropriately to balance the robustness and the
convergence speed based on Remark 4. As the estimation of
x; and x, depend directly on the estimation of f,, 4 has been
selected so that the convergence of f, is faster than the other
two. In the case of x; and x,, the observer offers a balance
between what is predicted by the model and the estimation of
the variables x| and X,. Since the estimation of x, is simpler
and more direct, a faster convergence time has been selected
than that of x,.
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Fig. 7- Comparison of estimator and observer results with true
values for the simulation in Case L.

The system initial conditions are taken as x;(0) =
0.3253kg/m?, x,(0) = 6363.7kg/m>, and the observer
initial conditions are taken as X;(0) = 1kg/m3, X,00) =
6400 kg/m>.

The results of the simulation are illustrated in Fig. 7. It
can be noticed that the sorption rate estimator f, and the
density of hydrogen X, converge quickly to the bounded area
within the first 5s and then perform well after that time.
The convergence time and boundness can be adjusted by the
tuning parameter in (23) and (24).

From the figure of X,, it can be found that X, does not
converge at ¢ € [0,2000s) since the first stage is in the non-
observable region.

It is also worth noting that X, changes at the beginning
despite the true value of f, being 0, the reason is that f,
needs some time to converge to the true value.

After 2000s, the trajectories of states enter the observ-
able region and s, = 1, thus X, converges gradually.
Then, after 4000s, the trajectories of states enter the non-
observable region again and s, = 0, so %, gradually
deviates from the true value. The observer X, converges fast
after 6000s and then gradually deviates from the true value
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Fig. 9- Evolution of f;, and?,,,, for the system (3) in the simulation
Case II.

after 8000s. The switching between observable and non-
observable regions can be seen from the figure of s,.

The SOC estimation of MH tanks soc;,, is shown in
Fig. 8.

It is shown that the estimation of SOC has the same trend
as the estimation of x,, i.e., the proposed SOC estimation
framework can accurately estimate the value of SOC in the
observable region.

4.2. Case Il

In the second case, we assume the normalized mass flow
rate, f;,, and the temperature shown in Fig. 9 and the system
states have been initialized as x,(0) = 0.3253kg/m?,
x,(0) = 6363.7kg/m>. Unlike Case I, in this second
scenario the system is in an observable state from the outset.
The observer parameters are exactly the same ones as in
the previous section while the observer states have been
initialized as %,(0) = 1 kg/m3, %,(0) = 6400kg/m?.

The results of the simulation are illustrated in Fig. 10.
Similarly to the previous case, the sorption rate estimator
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Fig. 10- Comparison of estimator and observer results with true
values for the simulation in Case II.

Table 3
Characteristics of the main sensors
Sensor Model Measure range
Mass flow meter F-111B 0.16 mLn/min-25 Ln/min
Pressure sensor  PR-21Y 2 bar-30 bar
Thermocouple K —75°C-260°C

and X; converge fast at the beginning. It can be noticed
that X, converges at the beginning but gradually deviates
from the true value at [2000,4000)s since this region is
non-observable and s;. = 0. Then %, converges fast at
[4000, 6000)s, gradually deviates from the true value at
[6000, 8000)s and then converges fast again after 8000s.

The result of SOC estimation is shown in Fig. 11.

From the above two numerical simulations, it can be
noticed that after the estimation of SOC converges, the
discrepancy between the estimated value and the true value
is almost not significant, even if it enters the non-observable
region again, which shows the validation of the proposed
SOC estimation architecture.
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Fig. 11- Comparison of SOC estimation with true values for the
simulation in Case II.

Fig. 12- View of the MH tank test bench environment.

5. Experimental validation

The proposed SOC estimation architecture has been
validated in a practical MH tank test bench (Fig.12). The MH
tank test bench consists of one MH tank (H2planet® MyH2
SLIM 350), hydrogen pipelines and sensors. The material
for the tank is Hydralloy C5 (Tig g5Zr( osMn; 4gFe( 03 Algo1)
and the MH tank is placed in the air for natural cooling.

Since the tank does not present homogeneous tempera-
tures and the model uses a single temperature, which rep-
resents the average temperature, four thermocouples were
incorporated, placed at different positions on the tank sur-
face. The arithmetic mean of these measurements provides a
representative measure of the tank’s temperature; this mean
is used to supply the tank.

Additionally, flow and pressure measurements are avail-
able from a flow sensor and a pressure gauge.

All signals are sampled at a constant sampling rate of
Is. All these elements are connected to a NI CompactRIO
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Fig. 13- Experiment measurable variables: pipe pressure p,,,,, tank
temperature t,,,, and flow rate F,,,.

tan.

device responsible for storing and processing all the data.
Table 3 lists the characteristics of the main sensors.

In a previous work [40], this same environment was
used to characterize and adjust the hydride tank model used
in this paper. It’s worth noting that the range of the tank
temperature and the mass flow rate are both close to the
different practical temperature and mass flow rate ranges in
the literature [24, 25].

Fig. 13 shows the evolution of measurable variables
during the experiment: pipe pressure p,,;,,, tank temperature
t1anic and flow rate F;,. The system input, the tank pressure
p, can be calculated using the pipe model as p = p,;,, —

Sinlky/ 107> where k, is proportional coefficient and f;, =

My, Fy,
m [40].

The experiment is divided into two processes: charge
and discharge. During the charge phase, the pressure of
hydrogen released from the high-pressure tank is controlled
by adjusting the pressure regulator and paying attention to
the temperature of the tank so that it does not exceed the
maximum operating temperature of the tank. In the dis-
charge phase, the valve of the charge pipeline is closed while
the valve of the discharge pipeline is opened to keep the
flow rate steady. Before designing the observer, the model
is calibrated using the method proposed in [40]. All the
parameters are listed in Table 1.

During the implementation of the algorithm and its real-
time execution, some problems have appeared. The main
problem has been the calculation of X,. As already observed
in our previous work [40], (35) has a problem fitting the
experimental data. This is especially relevant during sudden
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changes in flow. In those cases where (35) does not fit the
data, its inverse, (16), does not have physical sense. The
use of this data in the observer causes its performance to
decrease significantly in transient behaviour. To avoid these
problems, when the calculation of X, is not considered
correct its value is not used in the observer (i.e. it is assumed
that s s, = 0). This is detected either because the numerical
solver does not find a solution, or because the solution ob-
tained is not physically consistent (i.e. a positive f, generates
a decrease in X,).

The numerical resolution of the equation is time-consuming

and cannot always be performed in real-time. The expression
of f, contains transcendental functions, (38) and (39), so
obtaining explicit solutions for y; and y, is not possible.
One approach that has been considered is the approximation
of the inverse function by a neural network. This approach
allows obtaining practically identical results but significantly
reducing the computation time required. The input of the
neural network is (%;, u;, f,) and the output is X,. The set of
points required for neural network training is obtained by the
grid technique. The ranges of neural network training inputs
are set as x; € [0.1, 2][kg/m3], x5 € [6360, 6600] [kg/m3]
and u; € [275,320] [K]. The grid steps are 0.5, 0.02 and
1, respectively. Then we can calculate the corresponding f,
based on (35) to train two neural networks separately, one
for absorption and the other for desorption.

The training of the neural network has been implemented
using MATLAB’s neural network toolbox. A neuronal net-
work with 20 neurons in a single hidden layer has been
chosen. The sigmoid function has been selected as an ac-
tivation function in every neuron. Finally, the network has
been trained using the Bayesian regularization algorithm
and the mean-square error as a performance function. The
results obtained by numerical resolution and the use of the
neural network are shown in the last figure of Fig .15, for the
experiment analyzed. As can be seen, the difference between
both options is very small with errors that are negligible from
a practical point of view.

The USDE time constant is fixed to k = 1 to make
it compatible with the sampling time and robust against
measurement noise. The threshold to determine that the
system is in a non-observable region is chosen as g = 1073,
This value has been designed to know the sensor precision
and the signal dynamic ranges. Finally, the observer gains
have been fixed to /; = 0.1 and /, = 0.1 respectively.
This selection offers a good trade-off between bandwidth
(i.e. time constant) and the signal smoothness. The observer
initial conditions are taken as X;(0) = 1kg/m3, X,(00) =
6400 kg/m?.

The observer outputs, corresponding to the measurable
variables shown in Fig. 13, are shown in Fig. 15. As can
be seen, the proposed USDE converges almost immediately
and offers a smooth estimation which tracks the evolution
of f;,. It is important to emphasize that the true value of
f, cannot be directly measured. Fig. 15 shows the evolution
of the estimation of p,. The figure shows both %; and %,
note that X; corresponds to an algebraic estimation which

is more sensitive to measurement noise while X, offers a
smoother estimation. Both estimations converge in steady-
state. X; converges after 50s.

Fig. 15 shows the evolution of X, and x,. The figure
shows the evolution of X, and X,. As explained above, X, is
not always considered correct. Values considered correct are
shown in green while those considered incorrect are shown
in black, either because the system is in an unobservable
zone or the numerical solver does not find a solution. When
the estimate is correct, X, converges towards X,, while when
the estimate is incorrect, X, evolves only taking into account
the value of f,. The convergence of x, takes longer than that
of x|, around 400s. This is because, during this time interval,
the system is in non-observable regions for a significant
amount of time. From then on, the two estimates evolve quite
similarly. A significant discrepancy occurs at the moment
when the discharge starts, which produces a sudden change
in the flow, which makes X, not correct for a significant
amount of time.
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Fig. 14- SOC estimation: Comparison between the estimation
framework (7) and an offline estimation.

Finally, Fig. 14 shows the evolution of the SOC esti-
mation, soc,,,;, computed from X; and X,. Since it is an
algebraic estimation, the convergence time depends on the
convergence time of X; and X, previously discussed. Since
the exact value is not available, as it cannot be measured, (6)
has been used to obtain an approximation. It should be noted
that since the initial soc;q,., mp, (0), is unknown, a posteriori
value, a, has been calculated so that both curves are as close
as possible. It is important to emphasize that this positioning
can only be done offline once all the data is available. As
can be seen, both curves follow a similar evolution. It can
therefore be verified that the estimation of the SOC is quite
reasonable based on the available information.

This section has allowed us to verify that the proposed
observation architecture can be applied, with good results,
to estimate the state of charge of the MH tank in real-time.
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6. Conclusions

In this work, a simple and innovative architectural pro-
posal has been made for estimating the state of charge of
metal hydride tanks. The proposal combines the use of a
simple tank model and easily obtained experimental data.
Unlike other works in the literature, the proposal allows
estimating the state of charge in dynamic situations and in
real time.

The highlights of the paper are:

e The observability of the model used has been charac-
terized. Based on this analysis, it has been determined
under which conditions it is possible to estimate the
state of charge and under which it is not.

e It has been demonstrated that once the tank has re-
mained in an observable configuration for a sufficient
amount of time, the proposed algorithm is capable of
accurately estimating its state of charge. The exper-
imental results show that the MH density (p,), and
therefore the state of charge of the MH tank, can be
estimated in less than 400s.

e An estimator based on USDE has been designed,
capable of estimating in real time, from the measured
variables, the sorption rate of the MH tanks.

e Animplementation based on neural networks has been
proposed, which significantly reduces the computa-
tional burden required to implement the proposed
algorithm. This significantly facilitates its implemen-
tation in industrial equipment.

The proposed algorithm has been validated both by numeri-
cal simulation and experimentally in commercial MH tanks.

One of the weaknesses of the algorithm is the need to
invert the sorption mass flow function that describes the
sorption flux. The function used is not able to correctly
describe certain dynamic behaviors, which reduces the per-
formance of the observer. Therefore, future work will focus
on finding other mathematical expressions for the sorption
mass flow function that are easily adjustable and better
adapted during transient behaviors. The incorporation of
the dynamic temperature model into the model used in the
observer will also be addressed. This is expected to reduce
the size of the unobservable regions.
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A. Modeling of MH tanks

A.1. Mass balance
For hydrogen, the balance of mass is given by

1 /

dp m, —m
e — in r , (31)
dt U,lmk—UMH'(l—£)

where p, is the density of hydrogen, ml’.n is the mass of
hydrogen entering or leaving the tank by unit time, m/ is the
mass of absorption or desorption of hydrogen by unit time,
Uyank and v g are the volume of the tank and the MH (under
the stacking state), respectively, and ¢ is the porosity of the
MH. Therefore, the numerator of the right term of the above
equation represents the change in mass of hydrogen per unit
of time and the denominator represents the full volume of
hydrogen inside the tank.

Define the normalized mass flow rate of hydrogen f;, £
m;n /Up g the normalized sorption mass flow rate of hy-
drogen f, £ m! /vy, the normalized volume of hydrogen

U, £ Uynk/Up g — 1 + €. Then, (31) can be simplified to

dp o
8 _ M (32)
dt Vg
Similarly, for the MH, one has
dp, m!
= (33)

At oy -(U-g)

where p, is the density of the MH and the denominator of
the right term represents the full volume of the MH inside
the tank. If one defines the normalized volume of the MH
v, 2 1 — ¢, then (33) can be simplified to

dos _ Jr

dt v (34

N

A.2. Reaction Kinetics
The normalized sorption mass flow rate of hydrogen f,
can not be measured directly. A widely used model [45] is

E,
_ p
cge Rhank In < > (Pss = P5)s P> Do (352)

eq.a

£y (p = Pega

"R,
cde tank

=
I

) (s = Ps0)s P < Pegq» (35b)
peq,d

0, otherwise. (35c)

where ¢, and c; are the absorption and desorption constants,
E, and E, are the activation energy for absorption and des-
orption, R is universal gas constant, t,,,, is the temperature
of the MH tank, p is the MH tank pressure, and p,, , and p,, 4
are the equilibrium pressure for absorption and desorption,
respectively. The terms c e~ Fo/Riank and ¢ e=Fa/Riiank are
rate coefficients obtained through the Arrhenius relationship
[46]. p,, is the density of the MH when the absorbed hydro-
gen reaches its maximum capacity, i.e. saturated density and
Pso 18 the density of the metal alloy (with no hydrogen).
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The pressure, p, is assumed to obey the ideal gas equation
of state:

ttank R

pP=p . (36)
g MH2
where My is the molar mass of hydrogen.
The saturated density p,, can be calculated by
UH, " PH.
Pss =Ps0t - - (37)

UMH ’(1—6)

where vy, is the capacity of hydrogen that can be absorbed
by the tank, and p H, is the density of hydrogen (1 atm, 0 °C),
which is considered a constant.

A.3. Equilibrium pressure

Van’t Hoff equation describes the equilibrium constant
of a reaction at different temperatures. Gonzatti et al. [47]
used a modified Van’t Hoff equation to calculate the value
of equilibrium pressure:

( AS;  AHy
Pega = Po-€ R Rtank

+(p+@) tan [ﬂ( ﬁ —0.5)] +l§) ) , (38)

ASy  _AHy [ ( Ps=Ps0 )] /i)
—&— —@)t —-05)[-5
< R Retygng Ho=wo)tan| Pss=Ps0 2/, (39)

Dega = Do'€

where p, is the atmospheric pressure, AH,; and AS, are
the enthalpy change and the entropy change for desorption,
respectively. @ and ¢ are the plateau flatness coefficients,
is the plateau hysteresis coefficient.

B. Proof of Lemma 1

The derivative of M, can be calculated as

Mxl = % . [Ugfcl — v, i’y +xf, = (u —uzf)]
L[ (1) )
=1 (M, = xF,). (40)
K

To verify the boundedness of Mxl, the Lyapunov func-
tion V), = Mil /2 is selected, with derivative

1

- ) .
Vi= =M + M, ], "
e s lag pEppc L LgF
S ML MG <=V A

The solution of (41) satisfies V,(t) < et/ V' (0) +
k22 /2. Then the following bound of the manifold variable
can be obtained

My, O = V2V < (/A2 e/ + 122, (42)

which means that M, (t) will exponentially converge to kA
as time goes to infinity, i.e. lim,_,, M, = k4. In addition,

for a sufficiently small filter parameter k¥ — 0, M, (1) — 0.
Therefore, there exists an invariant manifold ./lel = 0 such
that

tim [1im M, | =0, 43)

k—0 Lt—=oc0

C. Proof of Theorem 2

Applying the low-pass filter operation to both sides of
subsystem (17), we can obtain

Kj):l:vig.<1(su—2l-l_%4r—l>' “H
Then, similar to (20), we define the filtered version of f,:
K .rf+frf=fr’ frr(0) =0, 45)
so (44) can be written as
X=Xy

frfzuzf—nglf:qu_Ug' (46)

It is obvious that f, = f 5 from (23) and (46). Now we
consider the dynamic of f,.

P fr_frf_ fr

fr=fr_fr=fr_T_ +fr (47)

K
Selecting the Lyapunov function V, = fr2 /2 one has
. 7,
Vfr = _?r—i_frfr <-
The solution of (48) satisfies V; (1) < e™/*V, (0)+x%4?/2.

Then the bound of the estimation error f, is

701 = \J2V,, (1) < [ P20/ + k222, 49)

which means that f,(f) will exponentially converge to kA as
time goes to infinity, i.e. lim,_,  f, = k4.

D. Proof of Theorem 3

Dynamics of observer error X; can be obtained by (17)
and (24) as

1

K

Vi, + 54 (48)

56;1 — u2_fr _ uZ_fr —11551
Vg 1 Vg (50)
=-L% - U—‘(fr—fr)z =% + 6y,
g

where we define 6, (f) = —(f, — f,)/ug. Based on the result

of the above section, lim,_, , 6,(f) = —k1/v,.
We select the Lyapunov function V; == Sc% /2, and its
derivative along (24) can be calculated as
I./il = —lli% + 515(?1
- 152
<-1,%%+ i + & ’
12+ -
R 1)
I
52
LVi + —.
1 X1 211
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The solution of (51) satisfies Vs, < e"l’V;C1 (O)+5]2/(211 ),
which implies

510] = 1/2V5, (0 < /RO +82/17. (52)

Thus, X, (1) will exponentially converge to k/(/;v,) as time
goes to infinity, i.e. lim,_, o, X;(t) = k4/(l,v,). To make the
error X; small enough, observer gain /; should be chosen
large enough.

E. Proof of Theorem 4

The evolution of X,, (29), can be bounded as

. . ‘@
1%, (0)] @) - X,(0) + (1) - A - bdr

IA

-
(@) - X,(0)] + <l>(t)'/0 @(b(f)dr
[EA™

v

IA

t
¢®)1%,(0)] + ¢() - /0 (r)dr

N

i t
¢(I)|5€2(O)| + % ‘e_IQ‘Wt . L . eIZWT
US lz’lﬂ' 0

1/ rlloo 1 = €72t

Ug 12w

e %,(0)] +

s

Thus, X,(t) will exponentially converge to a ball of radius
1/illeo/ (s - Iy - ), e

(R

lim |%,]| < .
t—>oo| 2| (vy -1y - @)
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Fig. 15- Observer results obtained for the experimental results.
Top: Comparison between the estimation (23) and normalized mass
flow rate f;,; Middle: Comparison between the observer (24) and
the calculated value X, ; Bottom: Comparison between the observer
(26) and inverted value X,.
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